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Blasting is a crucial technique in mining for rock fragmentation, but it can lead
to environmental impacts like vibrations, flyrock, and backbreak. Accurately
predicting and controlling these effects is essential for improving safety and
minimizing damage to equipment and infrastructure. This research aims to predict
flyrock distances (FR) at the Sungun Copper Mine through the application of
artificial intelligence (AI) models in conjunction with statistical approaches. Initially,
a linear multivariate regression (LMR) model was constructed to establish the
correlation between blasting parameters and flyrock range. Subsequently, an
artificial neural network based on a multilayer perceptron (ANN-MLP) was
developed and further optimized using two advanced hybrid algorithms: the
Imperialist Competitive Algorithm (ICA) and Ant Colony Optimization (ACO).
These algorithms were employed to calibrate the neural network’s weights and biases
using variables such as number of blast holes, hole spacing, burden, total charge,
specific drilling, charge per hole, and specific charge. Results showed that the
ANN-MLP model outperformed the LMR model, with performance metrics of root
mean square error (RMSE =9.31 m), mean absolute error (MAE=7.10m), and
coefficient of determination (R?= 0.81) during the test phase. However, optimization
of the ANN model with ICA and ACO significantly improved prediction accuracy.
Among the hybrid models, the ICA-ANN model performed best with RMSE = 5.66
m, MAE = 4.60 m, and R? = 0.89, showing a considerable improvement over the
LMR and ANN-MLP models. Sensitivity analysis further highlighted total charge
and number of holes as the most influential parameters affecting flyrock dispersion.
Overall, the findings underscore the potential of hybrid Al frameworks in advancing
predictive modeling for safer and more efficient blasting operations.

1. Introduction

Drilling and blasting remain the most widely
both mining and

adopted techniques in

controlled [2]. Therefore, a comprehensive
understanding of the factors and parameters

construction sectors, primarily due to their cost-
efficiency, operational flexibility, and adaptability
across a broad spectrum of geological conditions
[1]. When properly executed, blasting operations
not only achieve efficient rock fragmentation but
also play a vital role in minimizing environmental
disturbances particularly ground vibrations and
flyrock distance which can lead to severe
unintended consequences if not adequately
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influencing these events is essential for optimizing
blast outcomes. Flyrock distance (FR), a frequently
encountered and unpredictable result of blasting in
open-pit mines, refers to the uncontrolled
projection of rock fragments following detonation.
This phenomenon can cause significant damage to
surrounding structures, equipment, and even
endanger personnel, making it a major safety
concern in mining operations [3]. A wide range of
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empirical models have been developed over the
decades to estimate flyrock distance behavior by
incorporating various blasting parameters [4-8].
However, many of these models are constrained by
their reliance on a limited number of input
variables, which often compromises their
predictive accuracy and overall robustness. This
limitation underscores the necessity for more
sophisticated and integrative modeling approaches
to enhance the reliability of flyrock distance
prediction. To address this challenge, researchers
have explored a variety of computational and
mathematical methodologies, including artificial
neural networks (ANN), fuzzy inference systems
(FIS), Monte Carlo simulation techniques, multiple
linear regression, support vector machines (SVM),
rock engineering systems (RES), and adaptive
neuro-fuzzy inference systems (ANFIS) [9-12].
Despite their individual strengths, these models
highlight ongoing gaps in achieving high-precision
flyrock distance forecasting, particularly under
complex geological and operational conditions.
Recent advancements in artificial intelligence (AI)
and soft computing (SC) techniques have opened
new avenues for more accurate and data-driven
prediction of flyrock distance in blasting operations
[13-17]. For example, Jiang et al. [18] constructed
an ANN model integrating parameters such as blast
design, rock mechanics, and geological features,
achieving high predictive performance and
reinforcing the model’s potential for mitigating
flyrock-related risks. Similarly, Koopialipoor et al.
[19] utilized hybrid intelligence frameworks
combining genetic algorithms (GA), particle
swarm optimization (PSO), and the Imperialist
Competitive Algorithm (ICA) to refine blast design
variables. Their study concluded that the ANN-
PSO model delivered superior accuracy,
identifying hole diameter as the most critical
parameter  influencing  flyrock  distance.
Furthermore, Nguyen et al. [20] introduced an
ensemble artificial neural network (EANN) model
validated over 210 datasets, which demonstrated
higher accuracy than conventional ANN
architectures. Rad et al. [21] applied least squares
support vector machines (LS-SVM) to predict
flyrock distance in blasting operations at the Gol-
E-Gohar iron mine, outperforming conventional
support vector regression (SVR). Sensitivity
analysis indicated powder factor and rock density
as the most influential parameters. Rezaei et al.
[22] developed a PCA-CART model to predict
flyrock distance in open-pit blasting at the Sangan
iron mine, achieving high accuracy (R? = 0.94).
Sensitivity analysis identified specific charge and
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spacing as the most and least influential
parameters, respectively, and the study proposed
optimized blasting guidelines that significantly
reduced flyrock distance occurrences. Nikafshan
Rad et al. [23] proposed an optimized blasting
design aimed at minimizing flyrock distance by
integrating Recurrent Fuzzy Neural Networks
(RFNN) with Genetic Algorithms (GA) in the
Shour River Dam mine. Their hybrid model,
trained on 70 datasets, demonstrated superior
predictive capabilities compared to nonlinear
regression  techniques.  Sensitivity  analysis
highlighted the critical influence of specific charge
on flyrock distance outcomes. Rezaei et al. [24]
developed a Mamdani fuzzy model to predict
flyrock distance in surface mining operations at the
Gol-E-Gohar iron mine, demonstrating superior
performance over conventional statistical methods.
Sensitivity analysis identified powder factor as the
most influential parameter and rock density as the
least. In another study, Zangoei et al. [25] applied
ICA to optimize a three-layer ANN for predicting
flyrock distances, achieving high correlation
coefficients and prediction reliability. Zhou et al.
[26] explored a range of hybrid machine learning
models by combining Support Vector Regression
(SVR) with several metaheuristic algorithms, such
as the Gravitational Search Algorithm (GSA),
Whale Optimization Algorithm (WOA), and
Biogeography-Based Optimization (BBO). Their
experimental analysis, conducted on datasets from
Iranian surface mines, revealed that the SVR-WOA
hybrid model provided the highest predictive
accuracy, with the lowest Root Mean Square Error
(RMSE). Likewise, Zhang et al. [27] introduced a
stacked Multiple Kernel Support Vector Machine
(MK-SVM) model, which achieved excellent
predictive outcomes with low RMSE and MAE
values, along with high Variance Accounted For
(VAF) during both training and testing phases.
The growing body of literature confirms the
effectiveness of Artificial Intelligence (AI) and
Machine Learning (ML) in modeling complex
flyrock behavior in blasting operations. A key trend
in recent studies is the development of hybrid
models that integrate metaheuristic optimization
techniques with machine learning architectures to
overcome limitations of conventional models.
While Artificial Neural Networks (ANN) are
powerful in nonlinear pattern recognition, they
often suffer from slow convergence and the risk of
entrapment in local optima. To counter these
drawbacks, metaheuristic algorithms iteratively
update ANN parameters through flexible,
stochastic processes, enhancing generalization and
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predictive accuracy. Notable research in this
domain includes works by Kalaivaani et al. [28],
Murlidhar et al. [29], and Hasanipanah et al. [30],
who employed metaheuristic approaches such as
Particle Swarm Optimization (PSO), Harris Hawks
Optimization (HHO), and the Adaptive Dynamical
Harmony Search (HS) algorithm to develop robust
hybrid ANN models. These techniques have
proven effective in overcoming the traditional
shortcomings of ANN and yielded enhanced model
performance in highly uncertain and dynamic
blasting environments. Given the inherent
variability and uncertainty in mine blasting
operations,  achieving  fully  deterministic
predictions of flyrock distance is exceptionally
challenging. The complex interactions among
geological, design, and operational factors limit the
applicability of purely deterministic models. As
such, the incorporation of Al-based hybrid
approaches offers a promising direction for
improving prediction reliability. By optimizing
blast parameters, such models can substantially
improve both the safety and efficiency of blasting
activities. In the present study, a two-stage
modeling approach was adopted to predict flyrock
distances at the Sungun Copper Mine in Iran.
Initially, a Linear Multivariate Regression (LMR)
model was developed to establish baseline
predictive performance. Subsequently, two hybrid
models ICA-ANN and ACO-ANN were
constructed.  The  Imperialist Competitive
Algorithm (ICA), inspired by sociopolitical
evolution, and the Ant Colony Optimization
(ACO), modeled on the foraging behavior of ants,
were employed to optimize the ANN’s weights and
biases. These algorithms have been successfully
applied in various engineering optimization
problems. Their integration into the ANN
framework in this study was aimed at addressing
the known limitations of traditional neural
networks and producing a robust predictive model
for flyrock distance estimation.

2. Materials and Methods
2.1. Case Study

The Sungun Copper Mine is situated in East
Azerbaijan Province, Iran, approximately 73
kilometers northwest of Ahar city, at geographic
coordinates 46°43'E longitude and 38°42'N
latitude (see Figure 1). Positioned at an elevation of
2,390 meters above sea level, the mine lies within
the geologically significant Alpine—Himalayan
copper belt, a region renowned for its extensive
mineralization and abundant copper reserves. The
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mine primarily extracts copper and molybdenum,
with by-products such as gold and silver. It holds
substantial reserves, estimated at 796 million
tonnes of ore, with 388 million tonnes classified as
proved reserves, at a copper grade of 0.67%. These
figures underscore the mine's importance as a
significant source of copper in the region. The
mining operation employs an open-pit extraction
method, which is commonly used for large-scale
copper mining operations. The working benches
are designed with a height of 12.5 meters and a
slope of 68°, while the overall slope of the open-pit
mine is 37°, providing a stable and efficient
excavation environment. The ramps, which ensure
accessibility and haulage efficiency, have a width
of 30 meters and a slope of 5°. Currently, the mine
has been in operation for approximately 32 years.
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copper mine with blasting operations and rock
fragments

At Sungun Copper Mine, rock fragmentation is
primarily achieved through bench blasting using
ANFO explosives placed in blast holes along free
faces. The blasting process initially utilized
detonating cords to ensure simultaneous ignition of
the caps. A triangular drilling pattern was mainly
adopted, with the burden-to-spacing ratio tailored
to the unique conditions of each blast block within
different areas of the mine. One of the major
challenges during blasting here is the occurrence of
flyrock distance, which poses safety and
operational concerns. Therefore, this research aims
to create a predictive model for estimating flyrock
travel distance by applying metaheuristic
optimization techniques.

2.2. Dataset Description

Advanced analytical methods, such as
correlation analysis, multiple regression, and
analysis of variance (ANOVA), which are
parametric tests, typically assume that the data
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follow a normal distribution. According to
Ghasemi and Zahediasl [31], when the sample size
exceeds 30 or 40, deviations from the normality
assumption generally do not significantly impact
the results. Additionally, to visually assess the
distribution of data and check for normality,
researchers often employ box plots, which also
help in identifying outliers. This study determined
both input and output parameters after the data
collection process. The dataset includes records
from 308 blasting operations conducted at the
Sungun Copper Mine between April and December
2018, along with their associated flyrock distances.
Figure 2 displays box plots summarizing the
dataset. Several input parameters, including
specific drilling (SD), total charge (TC), specific
charge (SC), and charge per hole (CPH), show the
presence of outliers, which are observable in the
plots. Therefore, it is necessary to remove these
outlier values from the dataset to prevent potential
bias or deviation in the modeling process.

or

o

N S B SD TC SC CPH

Tndependent variables

Figure 2. Box plot of input parameters.

The Z-score method was applied to detect and
remove outliers from the dataset. This statistical
technique calculates how far a data value deviates
from the mean in terms of standard deviations. By
using this approach, it becomes possible to
determine whether a value lies within the normal
distribution range or if it is significantly different,
thus identifying it as an outlier. The Z-score is
calculated using the following equation [32], and
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values exceeding a threshold of typically +3
standard deviations are considered indicative of
outliers that may distort the integrity of the
analysis. By removing these outlier points, the
analysis becomes more robust and reliable.

z=2"H
(o2

()

where p represents the mean of the dataset, and
o indicates the standard deviation. Data points that
deviated by more than three standard deviations
from the mean were identified as outliers and
subsequently excluded from the analysis. The
threshold of three standard deviations was chosen,
as it is a common criterion in statistical analysis for
detecting extreme values that may distort the
model's performance. After removing these
outliers, 205 data points remained for further
investigation. Each blast was characterized by
several parameters. The rock mass is
predominantly copper-bearing ore with relatively
uniform density, lithology, and jointing; uniaxial
compressive strength (UCS) is assumed consistent
across the studied benches [17, 33]. All blasts used
ANFO explosives with detonating cords for
simultaneous initiation, and explosive parameters
such as charge per hole (CPH), total charge (TC),
and specific charge (SC) were recorded. Stemming
lengths were relatively uniform within each blast
block and therefore not included as independent
variables. Blasting geometry parameters, including
burden (B), spacing (S), number of holes (N), and
hole depth, were recorded. Hole diameter was
constant (6.5 inches) across all blasts. Operational
parameters, such as specific drilling (SD) and inter-
row delay (42 ms), were documented; inter-hole
delay was zero, and inter-row delay showed no
variability [17], so these were excluded from
modeling. Statistical properties of the cleaned
dataset, including mean, standard deviation,
minimum, and maximum for each parameter, are
summarized in Table 1

Table 1. Effects of variables on estimating flyrock distance using 205 observations after outlier removal.

Parameters Type of Unit Symbol Maximum Minimum Mean Stm.ldz.‘rd
parameter deviation
Number of holes Input Loop 61 3 29.84 10.84
Spacing Input m 6 4 5.52 0.84
Burden Input m 3 3 4.52 0.84
Specific drilling Input m/m’ 0.08 0.02 0.04 0.01
Total charge Input kg 7000 270 3225 1375
Specific charge Input kg/m? 875.45 203.19 38.54 15.75
Charge per hole Input kg 23.34 10.71 14.69 1.60
Flyrock distance Output m 140 40 18.28 18.28




Hanifehnia et al.

The dataset was divided into training and testing
subsets for model development and evaluation.
Specifically, 80% of the data (163 records) was
randomly selected to train the predictive model,
while the remaining 20% (42 records) was reserved
as a testing set to assess model performance and
generalization capability. No separate validation
set was used, as model tuning was performed
within the training set using cross-validation.
Model performance in forecasting flyrock distance
was assessed using three key indicators: Root
Mean Square Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination (R?).
An effective predictive model is characterized by a
low RMSE, indicating minimal deviations between
predictions and actual values, alongside an R?
value approaching unity, which reflects a high
degree of correlation between observed and
predicted outcomes. The mathematical expressions
for these evaluation metrics are presented below
[34-35]:

1< 5
RMSE = \/N;(Xi,pred _Xi,meas) (2)
1 N
MAE :NZLXI',meas _Xi,pred (3)

Qathering theh

datasets
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N
2
Z (Xi,meas - Xi,pred)
2 _ i=1
RO =1-+ N _ 4)
Z (Xi,meas - X)2

i=1

Here X meas, and Xipred correspond to the actual
and predicted values, respectively, while N
indicates the total number of data points
considered.

2.3. Linear multivariate regression models

In mining research, the linear multivariate
regression (LMR) model is widely utilized to
forecast hazardous outcomes arising from blasting
activities [36-37]. This method establishes a
relationship between a dependent variable and
multiple independent variables by minimizing the
discrepancies between observed and predicted
values. Mathematically, the linear regression
model can be expressed as:

Yz{ao +ax + ..+ aixi} 5)

where Y denotes the predicted output, ao is the
intercept term, a; (for i=1, 2, ..., n) are the
coefficients corresponding to each predictor
variable, and xi represent the input variables.
Figure 3 illustrates the workflow of the LMR
modeling approach.

%

— I

- 1

80% datasets .
Training@k_ Grouping the
datasets

20%datasets N\
——»( Testing data |

Fitting curves with ‘rable

curve software

‘r1var1a‘re regression
n‘rh IBM SPSS software

Extrachng the fitting
coefficients

— -
I|,/Ef\-‘alua‘ring mode;:}ng
\R_NISE, MAE, R-Sqﬁ

Flgure 3. Flowchart of LMR mathematical model
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2.4. Artificial neural network

Artificial Neural Networks (ANNs), first
conceptualized by McCulloch and Pitts in 1943, are
computational models inspired by the neural
structures of the human brain [38]. A typical ANN
architecture consists of three fundamental layers:
the input layer, one or more hidden layers, and the
output layer. Each layer contains neurons that
process and relay information to subsequent layers.
The determination of neuron counts per layer is
usually performed through either heuristic
approaches or systematic trial-and-error methods.
Interconnections between neurons are weighted,
modulating the strength of signals passed through
the network by either amplifying or attenuating
them. While a single hidden layer is often sufficient
for solving relatively simple problems [39-40],
complex datasets benefit from deeper networks
containing multiple hidden layers capable of
modeling sophisticated patterns [41]. Various
neuron interconnection schemes exist, but among
training algorithms, backpropagation (BP) remains
the most prevalent and accessible technique [42-
44]. ANN development involves two primary
phases: architecture design and optimization of
connection weights. The BP algorithm iteratively
updates weights to reduce the discrepancy between
predicted outputs and actual target values,
continuing until the error converges below a
predefined threshold, thereby enhancing prediction
reliability. In this research, key input variables,
including the number of blast holes (N), spacing
(S), burden (B), specific drilling (SD), total charge
(TC), specific charge (SC), and charge per hole
(CPH), were used to predict the output variable,
flyrock distance (FR). The employed ANN
structure is illustrated in Figure 4.

Backpropagation Feedforward

Hidden layer Output layer

Input layer

SD ——
CcS —

€T —

CPH ———

Figure 4. The basic framework of the ANN
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2.5. Imperialist competitive algorithm

Introduced by Atashpaz-Gargari and Lucas in
2007, the Imperialist Competitive Algorithm (ICA)
draws inspiration from socio-political dynamics
[45]. Recognized for its rapid convergence and
robust exploration capabilities in optimization
problems, ICA has been widely adopted [24]. The
ICA process, illustrated in Figure 5, initiates by
generating a random population of countries,
which are grouped into empires [46]. According to
the population's cost function values, a subset of
the strongest countries are designated as
imperialists, while the rest become colonies. These
imperialist nations then allocate colonies based on
their relative power. Subsequently, a competition
phase ensues, where dominant empires seize
colonies from weaker ones. As colonies gain
strength, the positions of empires and their colonies
evolve dynamically, resulting in shifting balances
of power. This iterative mechanism proceeds until
a single empire prevails, signifying the elimination
of all competing empires [24]. For further insights
and technical details on ICA, refer to Koopialipoor
et al. [19] and the original work by Atashpaz-
Gargari and Lucas [45]. Figure 5 depicts the
schematic flow of the ICA algorithm.

2.6. Ant colony optimization algorithm

The Ant Colony Optimization (ACO)
algorithm, initially proposed by Dorigo in 1992, is
inspired by the natural foraging behavior of real ant
colonies searching for food sources [47]. Within
the ACO framework, a group of artificial ants
collaboratively explores potential solutions by
indirectly communicating through the deposition
of simulated pheromones. This approach employs
a parallel search strategy, where multiple
computational agents work simultaneously based
on localized information of the problem space.
Over time, the search is guided by the quality of
discovered solutions, with a dynamic memory
system playing a crucial role in the optimization
procedure [48]. In this context, pheromones are
linked to components of solutions and influence the
decision-making of artificial ants as they construct
new candidate solutions. The amount of
pheromone deposited is adjusted during the run,
reinforcing high-quality solutions and increasing
the likelihood that subsequent ants will follow
those  paths.  Simultaneously, = pheromone
evaporation reduces the influence of less optimal
routes, preventing premature convergence on
suboptimal solutions.

3. Results
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3.1. Flyrock distance Prediction Using the LMR
Model

The development of the Linear Multivariate
Regression (LMR) model involved examining
various combinations of input variables across
multiple stages. This process was guided by
insights obtained from the box plot analysis and the

[ Initialize the empires ]

Revolve some colonies

!

There is a colony in an empire with |No
lower costthan its imperialist

|

[ Exchange the positions of that ]

[ Assimilate colonies and J

imperialist and the colony

1‘7

[ Calculate the total cost of empire ]

1

[ Imperialistic competition ]

l

(There is an empire with J No

1o colonies

I

[ Eliminate this empire ]

No
—[ Termination criteria satisfied ]

Yes

End

Figure 5. Flowchart of ICA algorithm
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correlation matrix. Table 3 illustrates the Pearson
correlation coefficients, which quantify the
relationships between the predictor variables and
the target output. According to the values reported
in Table 2, a correlation coefficient of 0 signifies no
linear association, while coefficients of -1 and 1
represent perfect negative and positive linear
correlations, respectively.

Strat
!

Initialise parameters

!

Generate the initial position
randomly of each ant

o]

v
[ Apply state transition rule 1

l

[Apply local pheromone updating}

rule

l

[ Fitness function evaluation (power ]

losses)

!
[Apply global pheromone updating mle]

|

[ Checking constraints ]

Is max iteration is reached

l\és

End

No

Figure 6. Flowchart of ACO algorithm

Table 3. The correlation matrix between inputs and output parameters.

N S B SD TC SC CPH
N 1 0.134 0.134 -0.082 0.760 -0.041 0.126
S 0.134 1 0.952 -0.777 0.156 -0.723 -0.015
B 0.134 0.952 1 -0.777 0.156 -0.723 -0.015
SD -0.082 -0.777 -0.777 1 0.090 0.947 0.046
TC 0.760 0.156 0.156 -0.090 1 0.064 0.049
SC 0.041 -0.723 -0.723 0.947 0.064 1 0.350
CPH 0.126 -0.015 -0.015 0.046 0.496 0.350 1

To identify the best multivariate regression
model, a stepwise selection procedure was applied.
This method aimed to find the optimal relationship
among various candidate models. The evaluation
relied on three key statistical metrics: (1)
coefficient of determination (R?), (2) Mean
Absolute Error (MAE), and (3) Root Mean Square

Error (RMSE). The goal was to maximize R? while
minimizing both MAE and RMSE, thereby
enhancing the model's predictive accuracy and
robustness. The final LMR model, expressed in
Equation (6), achieved an R? of 0.82, an MAE of
5.67 m, and an RMSE of 6.86 m for forecasting
flyrock distance.
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FR=164.48—(0.53x N) +(85.93x §) — (78.54 x B) — (6788.52 x SD) — (0.0007 x TC) +

(0.79x SC) - (15.78x CPH )

(6)

The variables considered in the model include
Number of holes (N, dimensionless), Spacing (S,
meters), Burden (B, meters), Specific Drilling (SD,
m/m?), Total Charge (TC, kg), Specific Charge
(SC, kg/m®), and Charge per Hole (CPH, kg).
According to Equation (6), flyrock distance (FR)
exhibits a positive correlation with spacing (S) and
specific charge (SC). Conversely, number of holes
(N), burden (B), specific drilling (SD), total charge
(TC), and charge per hole (CPH) show a negative

Predicted (FR-m)

120 ¢ Training stage
RMSE = 8.09 m
MAE =6.03m
100 r R2-0.82
£l
~ 80
=,
=
3
5 60
o
A oX
5
40 + 8 o
20 1 1 1 1
20 40 60 80 100
(a) Measured (FR-m)

correlation with FR. Figure 7 demonstrates the
comparison between the flyrock distances
predicted by the LMR model and the actual
measured values during both training and testing
stages. The coefficient of determination (R?) was
0.82 for the training data and 0.79 for the testing
data. Additionally, the Root Mean Square Error
(RMSE) was 8.09 m in the training phase and 6.86
m in the testing phase.

120 r Testing stage
RMSE = 6.86 m
MAE=5.67m
100 | R2=0.79
80
60
40
20 . . . . ,
20 40 60 80 100 120
(b) Measured (FR-m)

Figure 7. Correlation between measured and predicted FR in MLR model
a: Training phase b: Testing phase

3.2. Flyrock distance Prediction Using the ANN-
MLP Model

To construct the optimized neural network,
multiple random search-based optimization
techniques were employed to determine the best
combination of hyperparameters, including the
number of hidden layers, neurons per layer, and
activation  functions. = Numerous  network
architectures were rigorously evaluated, leading to
the selection of a model featuring two hidden layers
with five neurons each, utilizing sigmoid activation
functions. The ANN-MLP was trained using the
backpropagation algorithm with the Levenberg-

Marquardt optimizer, a fixed learning rate of 0.01,
and Mean Squared Error (MSE) as the loss function
to guide weight updates. The network's predictive
performance was assessed by comparing its outputs
with experimental measurements, employing error
metrics outlined in equations 2 through 4. These
error values served as the key factors in choosing
the most suitable architecture. Table 3 summarizes
the configuration and hyperparameter details of the
top-performing network. This strategy ensured the
neural network was fine-tuned for optimal balance
between accuracy and computational efficiency,
making it the preferred choice for flyrock distance
prediction.

Table 3. Parameters of optimum ANN-MLP model.

Number
Optimal model of hidden Number of neurons Iterations ]?ata . RMSE MAE R?
per layer classification (m) (m)
layers
ANN-MLP 2 5 1000 20 9.31 7.10 0.81
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Figure 8 presents a comparison between the
predicted flyrock distances from the optimized
ANN-MLP model and the observed measurements
during both training and validation stages. The
selected neural network demonstrated robust
predictive capabilities, achieving an R? value of

120 r Training stage
RMSE = 6.61 m
MAE =4.84 m o
100 r2-0.86
El
@80 r
=
=
i3
s
'§ 60
=W
40 r
20 1 1 1 1 J
20 40 60 80 100 120
(a) Measured (FR-m)
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0.86, a Mean Absolute Error (MAE) of 4.84 meters,
and a Root Mean Square Error (RMSE) of 6.61
meters in the training phase. In the testing phase,
the model sustained satisfactory accuracy, with an
R? of 0.81, an MAE of 7.10 meters, and an RMSE
0f 9.31 meters.

120 1 Testing stage
RMSE =931 m
MAE=7.1m
100 Rr2-0.81
o
g
80
=
=l
[53
I3
5 60
=
By
40
20 1 1 1 1 J
20 40 60 80 100 120
(b) Measured (FR-m)

Figure 8. Correlation between measured and predicted FR in ANN-MLP model
a: Training phase b: Testing phase

Figure 9 illustrates a detailed comparison
between the flyrock distances predicted by the
optimized ANN-MLP neural network and the
actual measured distances during the testing phase.
The results demonstrate that the ANN-MLP model
provides precise predictions, closely aligning with

140

—O—Measured —O0— ANN-MLP

120

100

80

FR (m)

60

40

20 1 1

the observed data. This confirms the model’s
ability to effectively learn and represent the
complex relationships between input variables and
flyrock distance, highlighting its reliability and
strong forecasting performance.

A crucial part of evaluating prediction models
involves examining how sensitive the flyrock

21 28 35 42
Number of test dataset

Figure 9. Evaluation of predicted versus observed flyrock distances during the testing phase using the ANN-MLP
model

distance considered as the output is to changes in
input variables. To measure the influence each
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input factor exerts on the flyrock distance, the
Relevancy Factor (RF) is utilized [29]. When there
is a notable difference between the predicted and
actual values, it generally suggests that the
excluded parameter plays a significant role in
affecting the model's results [49]. The RF is
calculated using the following formula:

zi]\;(pl,i _;1 )(MMP, —W)
V2 = X e iy

In this framework, pi; and pi denote the
individual and mean values of the i input variable,
respectively, whereas MMP; and MMP represent
the predicted output’s individual and average
values. The RF value represents the degree to
which variations in a given input variable explain
variations in the model-predicted output. Positive
RF values indicate that increases in the input tend
to increase the output, whereas negative values
imply an inverse relationship. Figure 10 shows the
contribution of each input parameter to flyrock
distance. Among the variables, total charge (TC),
number of holes (N), and charge per hole (CPH)
exhibit the highest influence at 17.36%, 16.26%,
and 16.11%, respectively. These findings are in
agreement with earlier research conducted by
Armaghani et al. [2], Mohamad et al. [50], and Yari
et al. [51]. Conversely, spacing (S) shows the
lowest sensitivity at 11.45%, which aligns with the
observations of Yari et al. [17]. This highlights the
importance of carefully managing charge per hole,
total charge, and hole count to enhance blasting
effectiveness at the mine under investigation.

r(py. MMP) =

™)

Input parameters

RF (%)
Figure 10. Sensitivity analysis illustrating the
influence of input variables on flyrock distance
prediction
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3.3. Optimization of ANN Model Using ICA and
ACO Algorithms

To enhance the performance of the neural
network, the Imperialist Competitive Algorithm
(ICA) and Ant Colony Optimization (ACO) were
employed. These metaheuristic algorithms
optimize the network by minimizing prediction
error. They achieve this through adjustment of
weights and biases, guided by an objective
function. However, it is important to note that
neither ICA nor ACO inherently optimize the
neural network’s architecture. Therefore, the best-
performing ANN model identified in the previous
section was utilized as the fixed network structure
to serve as the objective function for both
optimization algorithms. A critical aspect of
implementing ICA and ACO involves tuning their
control parameters, as these significantly affect the
convergence speed and solution quality. Unlike
conventional models, there are no strict formulas
for setting these parameters; instead, expert insight
combined with trial-and-error experimentation
using the dataset is required to find optimal values.
For ICA, key parameters include: Number of
countries (Neouniry), Number of imperialists (Nimp),
Maximum number of iterations (Max;), Revolution
rate (Rr), Revolution probability (R;), Colonial
mean cost coefficient (£), Assimilation coefficient
(B). For ACO, the essential parameters are: Number
of ants (Nan), Initial pheromone value (7o),
Pheromone exponential weight (o), Maximum
number of iterations (Max;,), Heuristic exponential
weight (B), Evaporation rate (p). Through extensive
iterative testing, the optimal values for these
parameters were identified and are summarized in
Table 4. It should be noted that the control
parameters of ICA and ACO are dimensionless.
Their values were selected based on a combination
of literature recommendations and trial-and-error
tuning over the Sungun dataset. For instance, the
assimilation coefficient (= 1.5) in [CA determines
the movement speed of colonies toward the
imperialist; large B values hasten convergence but
may overshoot optima, while small values slow
convergence. Similarly, other parameters such as
the pheromone exponential weight (o) and
evaporation rate (p) in ACO adjust the balance
between exploration and exploitation.



Hanifehnia et al.

Journal of Mining & Environment, Published online

Table 4. Parameter values of ICA and ACO algorithms

Meta-heuristic algorithm Hyperparameter Description Values
Neountry Number of countries 20
Nimp Number of imperialists 10
Ttmax Maximum number of iterations 1000
ICA Rr Revolution Rate 0.1
Rp Revolution Probability 0.05
¢ Colonies Mean Cost Coefficient 0.2
B Assimilation Coefficient 1.5
Nant Number of ants 20
Itmax Maximum number of iterations 1000
Q Contant 0.5
ACO 0 Initial pheromone 1
o Pheromone exponential weight 0.6
B Heuristic exponential weight 0.5
p Evaporation rate 0.1

Figure 11 compares the predicted and observed
flyrock distances during the testing phase for the
hybrid neural network models ICA-ANN and
ACO-ANN. Both models perform very well when
flyrock distances (FR) are low, showing strong
prediction accuracy in this range. However,
predicting peak FR distances remains challenging,
with higher errors observed at these extreme
values. This difficulty is partly due to the majority
of the dataset falling within a limited range of 50 to
70 meters, which restricts the model’s ability to
accurately capture higher FR distances. As a result,
the hybrid models exhibit decreased precision
when estimating these larger flyrock distances.
Despite these challenges, both hybrid ANN models
show improved overall performance compared to
previous models, with higher R? values and lower
RMSE and MAE errors. Among them, the ICA-
ANN model demonstrates superior predictive
capability. During the training phase, it achieved an
RMSE of 5.36 m, an MAE of 4.37 m, and an R? of
0.92. In the testing phase, the model maintained
strong results with RMSE, MAE, and R? values of
5.66 m, 4.60 m, and 0.89, respectively. The ACO-
ANN model followed closely, with training phase
metrics of RMSE = 6.42 m, MAE = 5.29 m, and R?
= (.88, and testing phase values of RMSE = 6.76
m, MAE = 5.45 m, and R? = 0.84. Overall, these
findings highlight the advantage of combining
metaheuristic algorithms with ANNSs, particularly
emphasizing the effectiveness of the ICA-ANN
approach in improving flyrock distance
predictions. To demonstrate the effectiveness of the
proposed hybrid ANN models (ICA-ANN and
ACO-ANN), their performance was compared with
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previous studies at the Sungun Copper Mine [17,
33], which used DNNs optimized with JAYA,
Multi-Verse, and Gravitational Search Algorithms,
as well as tree-based models like AdaBoost,
Random Forest, and XGBoost. Reported R? values
ranged from 0.82 to 0.99. The ICA-ANN model
achieved R? = 0.89, which is comparable or
superior. Differences in performance metrics can
be attributed to variations in input parameters,
dataset size, and optimization methods. These
results confirm that the hybrid ANN in this study
effectively captures nonlinear relationships
between blasting parameters and flyrock distances,
achieving competitive R? and low RMSE, and
demonstrating its reliability and practical
applicability.

Figure 12 presents a radar chart comparing the
evaluation metrics R%2 RMSE, and MAE for
predicting flyrock distances during both the
training and testing phases. This visual
representation provides an overview of the overall
performance of each model. In the radar chart, each
axis corresponds to one performance metric, and
the distance from the center reflects the magnitude
of that metric. The ICA-ANN model consistently
achieves the best results, showing the highest R?
and the lowest RMSE and MAE values across both
phases. Conversely, the MLR model exhibits the
weakest predictive accuracy among the models
assessed. The ACO-ANN model ranks second,
demonstrating notable improvement over the
baseline ANN. These findings confirm that
incorporating optimization algorithms like ICA and
ACO significantly enhances the predictive
capability of ANN models for flyrock distance.
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Figure 11. Correlation between measured and predicted flyrock distances (FR) and comparison of predicted
versus measured FR values during the testing phase for; a: ICA-ANN model, b: ACO-ANN model
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Figure 12. Radar diagram of the performance of models for prediction of FR (flyrock distance). Axes represent
R? (dimensionless), RMSE (m), and MAE (m). a: Training phase; b: Testing phase.
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Figure 13 shows a Taylor diagram comparing
the measured and predicted flyrock distances for
both training and testing phases. In the Taylor
diagram, the radial distance represents the standard
deviation, the angular position indicates the
correlation coefficient, and the curved arcs depict
the RMSE. This diagram allows simultaneous
assessment of model performance using three key
statistics: RMSE, standard deviation, and
correlation coefficient, providing a comprehensive
view of how well the predicted data align with

@ Observed

4 LMR-Train

+ ANN-MLP-Train
ICA-ANN-Train

4 ACO-ANN-Train

Standard Deviation

(a) Observed

Standard Deviation

(b)

Journal of Mining & Environment, Published online

observations. The x- and y-axes represent the
standard deviation, while the curved arcs indicate
RMSE wvalues. Points closer to the reference
location signify higher predictive accuracy and
better agreement with actual measurements.

According to the diagram, the ICA-ANN model
shows superior performance over the ANN-MLP
model in both phases. The overall ranking of
models from best to worst is: ICA-ANN, ACO-
ANN, ANN-MLP, and LMR.

® Observed
& LMR-Test
+ ANN-MLP-Test
¢ ICA-ANN-Test
» & ACO-ANN-Test

Py

20
Observed

Figure 13. Taylor diagram illustrating the accuracy of the models during a: Training and b: Testing phases. The
radial distance represents the standard deviation (m), the angular position corresponds to R? (dimensionless),
and the curved arcs show RMSE (m).

3.4. Tail-Focused Performance Analysis

To further evaluate the robustness of the
developed models, their predictive ability was
assessed specifically in the upper tail of the flyrock
distance (FR) distribution, where extreme and
hazardous events occur. Tail performance was
evaluated exclusively on the held-out test set to
ensure that the reported metrics reflect the models’
generalization ability rather than their fit to the
training data. We computed RMSE and MAE not
only for the entire testing dataset but also for the
top decile (10%) of FR values. For the testing set
(n = 42), this corresponds to the five largest FR
values for each model. The results are summarized
in Table 5. While all three models achieved
acceptable accuracy on the full test set, their
predictive performance noticeably deteriorated in
the upper tail. The baseline ANN exhibited the
weakest tail performance (RMSE top10%=19.42
m, MAE topl0%=18.25 m), systematically
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underestimating long-range flyrock distance. In
contrast, the ICA-ANN model demonstrated
superior tail robustness (RMSE_top10%=8.65 m,
MAE top10%=8.34 m), followed by ACO-ANN
(RMSE top10%=9.94 m, MAE top10%=7.83 m).
Although the hybrid approaches significantly
reduced error relative to the baseline ANN, even
the best-performing model exhibited residual bias
in extreme cases. Despite these improvements, the
upper-tail errors remain markedly higher than the
models’ overall performance, reflecting the
influence of data imbalance (the majority of FR
values concentrated between 50—70 m) and the
limited representation of extreme events in the
training set. This pattern is consistent with
observed residual distributions (Fig. 11), where
deviations increase substantially at higher FR
levels. Such limitations are critical, as high-range
flyrock distance events generally involve greater
velocities and present more severe safety and
damage risks.
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Table 5. Performance metrics for the full testing dataset and the upper tail (top 10% of FR values).

Model RMSE (Full MAE (Full RMSE (Top MAE (Top Mean Bias in Top 10% MAPE in Top
test) (m) test) (m) 10%) (m) 10%) (m) (Pred—Obs) (m) 10% (%)
ANN-MLP 9.32 7.10 19.42 18.25 ~18.25 (systematic 16.48
underestimation)
ICA-ANN 5.66 4.61 8.65 8.34 —8.34 8.80
ACO-ANN 6.69 5.38 9.94 7.83 —5.43 7.92
4. Discussion dataset; and (ii) objective function bias, as

4.1. Model Evaluation and Performance

This study evaluated the effectiveness of
advanced artificial intelligence (Al) and
metaheuristic ~ optimization  algorithms in
predicting flyrock distances at the Sungun Copper
Mine in Iran. Multiple modeling frameworks were
constructed, including linear = multivariate
regression (LMR), a conventional ANN-MLP, and
two hybrid metaheuristic-optimized neural
networks (ICA-ANN and ACO-ANN). The aim
was to address the challenges of modeling highly
nonlinear and uncertain flyrock phenomena.

The results showed that the hybrid ICA-ANN
model achieved the highest predictive accuracy
among all frameworks. Metaheuristic optimization
improves ANN performance by effectively
exploring the network's weight and bias space,
enabling the model to capture complex nonlinear
relationships between blasting parameters and
flyrock distances. In contrast, linear multivariate
regression is limited by linearity assumptions, and
conventional ANN-MLP is prone to local minima,
reducing predictive reliability.

Influential

4.2. Sensitivity Analysis and

Parameters

Sensitivity analysis revealed that the total
charge (TC), the number of blast holes (N), and the
charge per hole (CPH) are the most influential
variables, collectively contributing more than half
of the model's output variance. These results align
with blasting physics: increasing explosive energy
or the number of holes directly affects rock
fragmentation and flyrock travel distance.
Conversely, spacing (S) had the lowest impact,
highlighting the importance of optimizing charge
distribution and blast design.

4.3. Accuracy at Extreme Flyrock Distance
Events

The observed decline in accuracy at the upper
tail can be attributed to two main factors: (i) data
imbalance, since the vast majority of blasting
events fall within the range of 50-70 m and only a
small number of long-range events exist in the
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conventional training criteria (e.g., mean squared
error) place disproportionate emphasis on average
performance while assigning little weight to
extreme cases. As a result, the models exhibit a
tendency to underestimate the magnitude of the
most critical events, which undermines their
practical safety value. These findings highlight the
importance of integrating tail-focused training
strategies in future work. Potential approaches
include weighting schemes in the loss function to
penalize underestimation of extreme values,
targeted oversampling of long-range cases, and the
adoption of quantile-based learning objectives to
improve high-percentile accuracy. Moreover,
incorporating prediction intervals and calibration
diagnostics would enhance decision-support
capabilities for practical blasting operations.

4.4. Limitations and Future Improvements

Additional limitations of the proposed model
include manual ANN architecture selection,
sensitivity to measurement noise in explosive
parameters and spacing, and linearity assumptions
in LMR. Future improvements could involve
automated architecture optimization (AutoML),
expanded datasets to capture extreme events, and
the integration of explainable Al techniques to
refine predictive performance. Overall, the
findings highlight the potential of hybrid Al-
metaheuristic models, particularly ICA-ANN, in
providing robust, data-driven support for blast
design and safety management. These models offer
a reliable framework for enhancing operational
safety and optimizing blasting parameters.

5. Conclusions

Flyrock distance (FR) is one of the most
hazardous consequences of blasting in open-pit
mining. This research focused on forecasting blast-
induced flyrock distance at the Sungun Copper
Mine using two metaheuristic optimization
algorithms, the Imperialist Competitive Algorithm
(ICA) and the Ant Colony Optimization (ACO),
integrated with an optimized Artificial Neural
Network-Multilayer Perceptron (ANN-MLP). A
linear multivariate regression (LMR) model was
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also developed as a baseline. The predictive models
incorporated seven key input variables: the number
of holes (N), spacing (S), burden (B), specific
drilling (SD), total charge (TC), specific charge
(SC), and charge per hole (CPH). Among all
frameworks, the ICA-ANN model exhibited the
best performance, demonstrating both statistical
and practical advantage. Sensitivity analysis
confirmed that TC, N, and CPH are the most
influential factors, while spacing (S) had minimal
effect. These insights highlight the importance of
optimizing explosive energy input and blast hole
configuration for safer and more efficient blasting
operations.

Limitations include predictive errors for
extreme flyrock events due to data imbalance,
linearity assumptions in LMR, manual ANN
architecture selection, sensitivity to measurement
noise, and limited dataset size and diversity.

Future work should focus on testing the models
on larger and more diverse datasets, automated
ANN  architecture  optimization (AutoML),
integration of additional geological and operational
data, and prediction of related blasting phenomena
such as ground vibrations and air overpressure.
Implementing tail-sensitive training strategies and
uncertainty quantification can further improve
prediction accuracy for extreme flyrock events.
Moreover, incorporating key blasting parameters
such as hole diameter, inter-hole delay, and inter-
row delay when variability is present would further
enhance the robustness and comprehensiveness of
predictive models.

Overall, this study demonstrates that hybrid Al-
metaheuristic models, particularly ICA-ANN,
provide robust, data-driven support for predicting
flyrock distances, offering a practical and reliable
alternative to conventional field-based prediction
methods, and contributing to safer and more
efficient blasting operations.

References

[1]. Singh, T. N., & Singh, V. (2005). An intelligent
approach to prediction and control ground vibration in
mines. Geotechnical & Geological Engineering, 23,
249-262.

[2]. Armaghani, D. J., Hajihassani, M., Mohamad, E. T.,
Marto, A., & Noorani, S. A. (2014). Blasting-induced
flyrock and ground vibration prediction through an
expert artificial neural network based on particle swarm
optimization. Arabian Journal of Geosciences, 7, 5383—
5396.

[3]. Faraji Asl, P., Monjezi, M., Hamidi, J. K., &
Armaghani, D. J. (2018). Optimization of flyrock and
rock fragmentation in the Tajareh limestone mine using

15

Journal of Mining & Environment, Published online

metaheuristics method of firefly algorithm. Engineering
with Computers, 34,241-251.

[4]. Ladegaard-Pedersen, A., & Holmberg, R. (1973).
The dependence of charge geometry on flyrock caused
by crater effects in bench blasting. Swedish Detonic
Research Foundation Report DS, 1-38.

[5]. Lundborg, N., Persson, A., Ladegaard-Pedersen, A.,
& Holmberg, R. (1975). Keeping the lid on flyrock in
open-pit blasting. Engineering and Mining Journal, 176,
95-100.

[6]. Olofsson, S. O. (1990). Applied explosives
technology for construction and mining. Arla, France:
Applex Publisher.

[7]. Richards, A., & Moore, A. (2004). Flyrock
control—by chance or design. In Proceedings of the
Annual  Conference on Explosives and Blasting
Technique (Vol. 1, pp. 335-348). ISEE.

[8]. Monjezi, M., Rezaei, M., & Varjani, A. Y. (2009).
Prediction of rock fragmentation due to blasting in Gol-
E-Gohar iron mine using fuzzy logic. International
Journal of Rock Mechanics and Mining Sciences, 46(8),
1273-1280.

[9]. Amini, H., Gholami, R., Monjezi, M., Torabi, S. R.,
& Zadhesh, J. (2012). Evaluation of flyrock
phenomenon due to blasting operation by support vector
machine. Neural Computing and Applications, 21,
2077-2085.

[10]. Marto, A., Hajihassani, M., Jahed Armaghani, D.,
Mohamad, E. T., & Makhtar, A. M. (2014). A novel
approach for blast-induced flyrock prediction based on
imperialist competitive algorithm and artificial neural
network. The Scientific World Journal, 2014, 643715.

[11]. Faradonbeh, R. S., Jahed Armaghani, D., &
Monjezi, M. (2016). Development of a new model for
predicting flyrock distance in quarry blasting: A genetic
programming technique. Bulletin of Engineering
Geology and the Environment, 75, 993—-1006.

[12]. Jahed Armaghani, D., Mohamad, E. T,
Hajihassani, M., Alavi Nezhad Khalil Abad, S. V.,
Marto, A., & Moghaddam, M. R. (2016). Evaluation and
prediction of flyrock resulting from blasting operations
using empirical and computational methods.
Engineering with Computers, 32, 109-121.

[13]. Nguyen, H., Bui, X. N., Bui, H. B., & Cuong, D.
T. (2019). Developing an XGBoost model to predict
blast-induced peak particle velocity in an open-pit mine:
a case study. Acta Geophysica, 67(2), 477-490.

[14]. Nguyen, H., Bui, X. N., Bui, H. B., & Mai, N. L.
(2020). A comparative study of artificial neural
networks in predicting Dblast-induced air-blast
overpressure at Deo Nai open-pit coal mine, Vietnam.
Neural Computing and Applications, 32(8), 3939-3955.

[15]. Nguyen, H., Bui, X. N., & Moayedi, H. (2019). A
comparison of advanced computational models and



Hanifehnia et al.

experimental techniques in predicting blast-induced
ground vibration in open-pit coal mine. Acta
Geophysica, 67(4), 1025-1037.

[16]. Guo, H., Zhou, J., Koopialipoor, M., Jahed
Armaghani, D., & Tahir, M. M. (2021). Deep neural
network and whale optimization algorithm to assess
flyrock induced by blasting. Engineering with
Computers, 37, 173—186.

[17]. Yari, M., Armaghani, D. J., Maraveas, C., Ejlali, A.
N., Mohamad, E. T., & Asteris, P. G. (2023). Several
tree-based solutions for predicting flyrock distance due
to mine blasting. Applied Sciences, 13(3), 1345.

[18]. Jiang, H., Zhang, Q., Li, T., Liu, X., & Zhang, Y.
(2018). Prediction of flyrock distance using an artificial
neural network (ANN) model. Journal of Mining and
Environment, 9(10), 2197-2205.

[19]. Koopialipoor, M., Fallah, A., Armaghani, D. J.,
Azizi, A., & Mohamad, E. T. (2019). Three hybrid
intelligent models in estimating flyrock distance
resulting from blasting. Engineering with Computers,
35, 243-256.

[20]. Nguyen, H., Bui, X. N., Nguyen-Thoi, T., Ragam,
P., & Moayedi, H. (2019). Toward a state-of-the-art of
fly-rock prediction technology in open-pit mines using
EANNSs model. Applied Sciences, 9(21), 4554.

[21]. Rad, H. N., Hasanipanah, M., Rezaei, M., &
Eghlim, A. L. (2018). Developing a least squares
support vector machine for estimating the blast-induced
flyrock. Engineering with Computers, 34(4), 709-717.

[22]. Rezaei, M., Monjezi, M., Matinpoor, F.,
Bolbanabad, S. M., & Habibi, H. (2023). Simulation of
induced flyrock due to open-pit blasting using the PCA-
CART hybrid modeling. Simulation Modelling Practice
and Theory, 129, 102844.

[23]. Nikafshan Rad, H., Bakhshayeshi, 1., Wan Jusoh,
W. A., Tahir, M. M., & Foong, L. K. (2020). Prediction
of flyrock in mine blasting: A new computational
intelligence approach. Natural Resources Research, 29,
609—-623.

[24]. Rezaei, M., Monjezi, M., & Varjani, A. Y. (2011).
Development of a fuzzy model to predict flyrock in
surface mining. Safety science, 49(2), 298-305.

[25]. Zangoei, A., Monjezi, M., Armaghani, D. J.,
Mehrdanesh, A., & Ahmadian, S. (2022). Prediction and
optimization of flyrock and oversize boulder induced by
mine blasting using artificial intelligence techniques.
Environmental Earth Sciences, 81(13), 359.

[26]. Zhou, Y., Zhang, X., Sun, X., Wang, S., & Shi, C.
(2024). Advanced machine learning approaches for
predicting flyrock using hybrid SVR models.
Computational Materials and Engineering, 140(2),
56549.

[27]. Zhang, R., Li, Y., Gui, Y., Armaghani, D. J., & Yari,
M. (2024). A stacked multiple kernel support vector

16

Journal of Mining & Environment, Published online

machine for blast induced flyrock prediction.
Geohazard Mechanics, 2(1), 37-48.

[28]. Kalaivaani, P. T., Akila, T., Tahir, M. M., Ahmed,
M., & Surendar, A. (2020). A novel intelligent approach
to simulate the blast-induced flyrock based on RFNN
combined with PSO. Engineering with Computers, 36,
435-442.

[29]. Murlidhar, B. R., Nguyen, H., Rostami, J., Bui, X.,
Armaghani, D. J., Ragam, P., & Mohamad, E. T. (2021).
Prediction of flyrock distance induced by mine blasting
using a novel Harris Hawks optimization-based multi-
layer perceptron neural network. Journal of Rock
Mechanics and Geotechnical Engineering, 13(6), 1413—
1427.

[30]. Hasanipanah, M., Keshtegar, B., Thai, D. K., &
Truong, N. T. (2022). An ANN-adaptive dynamical
harmony search algorithm to approximate the flyrock
resulting from blasting. Engineering with Computers.
Advance online publication, 1-3.

[31]. Ghasemi, A., & Zahediasl, S. (2012). Normality
tests for statistical analysis: A guide for non-statisticians.
International ~ Journal — of  Endocrinology  and
Metabolism, 10(2), 486.

[32]. Aggarwal, V., Gupta, V., Singh, P., Sharma, K., &
Sharma, N. (2019). Detection of spatial outlier by using
improved Z-score test. In 2019 3rd International
Conference on Trends in Electronics and Informatics

(ICOEI) (pp. 788-790). IEEE.

[33]. Ghojoghi, E., Farsangi, M. A. E., Mansouri, H., &
Rashedi, E. (2024). Prediction and minimization of
blasting flyrock distance, using deep neural networks
and gravitational search algorithm, JAYA, and multi-
verse optimization algorithms. Heliyon, 10(19). 542.

[34]. Esmaeilzadeh, A., Shaffiee Haghshenas, S.,
Mikaeil, R., Guido, G., Shirani Faradonbeh, R., Abbasi
Azghan, R., Jafarpour, A., & Taghizadeh, S. (2022).
Risk assessment in quarries using failure modes and
effects analysis method (case study: West-Azerbaijan
mines). Journal of Mining and Environment, 13(3),
715-725.

[35]. Majedi-Asl, M., Ghaderi, A., Kouhdaragh, M., &
Alavian, T. O. (2024). A performance comparison of the
meta model methods for discharge coefficient prediction
of labyrinth weirs. Flow Measurement and
Instrumentation, 96, 102563.

[36]. Shakeri, J., Shokri, B. J., & Dehghani, H. (2020).
Prediction of blast-induced ground vibration using gene
expression programming (GEP), artificial neural
networks (ANNs), and linear multivariate regression
(LMR). Archives of Mining Sciences, 65(2).

[37]. Monjezi, M., Dehghani, H., Shakeri, J., &
Mehrdanesh, A. (2021). Optimization of prediction of
flyrock using linear multivariate regression (LMR) and
gene expression programming (GEP)—Topal Novin
mine, [ran. Arabian Journal of Geosciences, 14, 1-2.



Hanifehnia et al.

[38]. McCulloch, W. S., & Pitts, W. (1943). A logical
calculus of the ideas immanent in nervous activity. The
Bulletin of Mathematical Biophysics, 5, 115-133.

[39]. Zhang, X., Nguyen, H., Bui, X. N., Tran, Q. H.,
Nguyen, D. A., Bui, D. T., & Moayedi, H. (2020). Novel
soft computing model for predicting blast-induced
ground vibration in open-pit mines based on particle
swarm optimization and XGBoost. Natural Resources
Research, 29(2), 711-721.

[40]. Norouzi, R., Daneshfaraz, R., & Ghaderi, A.
(2019). Investigation of discharge coefficient of
trapezoidal labyrinth weirs using artificial neural
networks and support vector machines. Applied Water
Science, 9, 1-10.

[41]. Nguyen, H., Bui, X. N., Tran, Q. H., Van Hoa, P.,
Nguyen, D. A., Hoa, L. T. T,, ... & Moayedi, H. (2020).
A comparative study of empirical and ensemble machine
learning algorithms in predicting air over-pressure in
open-pit coal mine. Acta Geophysica, 68, 325-336.

[42]. Yilmaz, 1., & Yuksek, A. G. (2008). An example of
artificial neural network (ANN) application for indirect
estimation of rock parameters. Rock Mechanics and
Rock Engineering, 41(5), 781.

[43]. Hasanipanah, M., Noorian-Bidgoli, M., Jahed
Armaghani, D., & Khamesi, H. (2016). Feasibility of
PSO-ANN model for predicting surface settlement
caused by tunneling. Engineering with Computers, 32,
705-715.

[45]. Dasineh, M., Ghaderi, A., Bagherzadeh, M.,
Ahmadi, M., & Kuriqgi, A. (2021). Prediction of
hydraulic jumps on a triangular bed roughness using
numerical modeling and soft computing methods.
Mathematics, 9(23), 3135.

17

Journal of Mining & Environment, Published online

[45]. Atashpaz-Gargari, E., & Lucas, C. (2007).
Imperialist competitive algorithm: An algorithm for
optimization inspired by imperialistic competition. In
2007 IEEE Congress on Evolutionary Computation (pp.
4661-4667).

[46]. Alzoubi, 1., Delavar, M., Mirzaei, F., & Nadjar
Arrabi, B. (2017). Integrating artificial neural network
and imperialist competitive algorithm (ICA) to predict
the energy consumption for land leveling. International
Journal of Energy Sector Management, 11(4), 522—540.

[47]. Dorigo, M. (1992). Optimization, learning and
natural algorithms (Ph.D. thesis). Politecnico di Milano.

[48]. Hajizadeh, Y., Christie, M., & Demyanov, V.
(2011). Ant colony optimization for history matching
and uncertainty quantification of reservoir models.
Journal of Petroleum Science and Engineering, 77(1),
78-92.

[49]. Oakley, J. E., & O’Hagan, A. (2004). Probabilistic
sensitivity analysis of complex models: A Bayesian
approach. Journal of the Royal Statistical Society:
Series B (Statistical Methodology), 66(3), 751-769.

[50]. Mohamad, E. T., Armaghani, D. J., Noorani, S. A.,
Saad, R., Alvi, S. V., & Abad, N. K. (2012). Prediction
of flyrock in boulder blasting using artificial neural
network.  Electronic  Journal of  Geotechnical
Engineering, 17, 2585-2595.

[51]. Yari, M., Bagherpour, R., Jamali, S., & Shamsi, R.
(2016). Development of a novel flyrock distance
prediction model using BPNN for providing blasting
operation safety. Neural Computing and Applications,
27,699-706.



T ol Gl 5 dne iy hy — cole i

S ) baed § ¢5ARD ¢ guws iR0

i

),,.-L."a miuo ol “")“""’ o-"w-'

4y

oh)Sen g Lo aa>

I.I L} /
/
‘a

ol)._u_l OARD (g dind oA:ul

Gilwdiats 9 (£ gua0 (mas sl @ yb 5l 6 LuiT Cldos ;o Soow Uy did oy (S it

=5 ¥ Gl

'l Loy 5 ' gllae g ool Jumamsl 251 L i Ll

Ol el oMl ol olEiils jal azlg ¢fyore cusdige 09,5 .\

Ol g )l iding )| cixio oKiils  Gose sl (5 ,5li8 5 aulio caSLiils (yaxe (wiige 095 Y

Ol el o oMol of5T ol&itils ol axlg ¢yare casdiga 05,5 ¥

Ol g )l e )| cixiio oKiils  Gose sl (6 ,5li8 5 aulio caSiails (yaxe (gwiige 09 S F

oS>

*

o Ol

Il e Wlgiie Ll el K 53,5 5,5 6l cpolas glpend o Sl (S5 g Less
St sl DIl Cnl BB JAST 5 (i 09h (SOj0m 9 S Sl il aile (arelens
Jolgd (St (i pl Ban el (6900 daidle ) g Dl 4 o aile; Bl 4 5 el
b S5 55 AD (ssiae ign loJos oplS Gib §l sSips ome oine o (FR) S by
et Koo Gl sl (LMR) (s 0 picie wiz (505 Joe S5 izl o ol g el (sloo S5,
D9t g e (Eyan oo 45 S 1ol 5] g o L S Sl aals 5 (L3l (sle el
) sl (i i (oS el 9o ) oslaiul by 28l aswys (ANN-MLP) Y o
0355 08 (sl o )80l (nl oot (siluaige (ACO) 8z )50 (G5lS (sjlutige 5 ACA) (5 loxrnd
IS bl alols o lomisl slalo slass asle oloie 5l oslial b srae a5es slaubl 5 by
5,Skae ANN-MLP Jos a5 ols ;Las gl aiads 428,85 IS 403y b s Sl o o 5k oy (s ki o b
G RMSE =9.31) olayje 5253k a2 sllas o Shos slajlons L )0 LMR Joo 4 S 5520
Jb ol bGiabesT s e Job ,o (R2=0.81) (sl cup 5 (o MAE =7.10) (.Siloo 3llas sllas
sladae ploe 53 aeddo 350 stz FB sk 4|y (G SESACO S ICA L ANN Juw (55loaie
oL R2=0.89 5 2o MAE =4.60 .2 RMSE = 5.66 L I, 5 Skos s yie ICA-ANN Jos ¢ S 55
et Coles Julo s 4555 5,18 ANN-MLP 5 LMR (gla o & Cord sgs5 (BB Sgge 45 0l
ssb &S Wz S Db (FusSTy p e laell (n e Glpe 4], ladly slasi s U5 L
Slles lp (i Giledse b 0 (5 5 (Foran Gise slooszlr Sty » Lol (IS
S oo 25T 5Tyl 5 Serml (s )bess]

Yovol-A-q Jhyl & 46
YoYO/ AT 15918 &6

YeYOINYIVO (b i & 36

DOI: 10.22044/jme.2025.16642.3261

oS Slals

S by

b Somy e
Sslosiinl Solf ) o )55l
450 SIS ile e

O (e G20

(0315 ¢Jumoww) ) aesmail. 1985@gmail.com : L3l ¢) ghuun 0Ny g5 E



